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Abstract
In contrast with the traditional analysis approaches, the Empirical Mode Decomposition (EMD) allows to study 
nonlinear and nonstationary data. Here, this technique is used to perform a scale-based decomposition from KTB 
velocity well logs and to investigate heterogeneities of the layers crossed by the wells.
First, the well log data are decomposed into intrinsic mode functions (IMFs). Then, the total depth interval is 
divided into lithological subintervals. For each subinterval, we compute the mean wavenumber (km) of each mode 
(m). It is shown that the EMD method behaves as an almost dyadic filter bank, and the heterogeneity of each 
OLWKRORJLFDO VXELQWHUYDO FDQ EH PHDVXUHG XVLQJ D VFDOLQJ SDUDPHWHU ȡ YDOXH FRPSXWHG DV WKH VORSH RI D OLQHDU
regression of the plot km vs. m in the log-linear graph.  It is worth noting that this parameter can be used to describe 
underground heterogeneities. 
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1. Introduction
Since well logs are nonlinear and nonstationary, traditional tools are revealed to be inappropriate for their 
analysis, and general data-driven methods to analyze such data, without a priori assumptions basis, are required. For 
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this purpose, the Empirical Mode Decomposition (EMD) has been suggested to analyze these borehole 
measurements.
Suggested by Huang et al. [8,9], this adaptive time–frequency data analysis technique received a growing interest 
in many research fields [1,2,3,6,7,12].
The EMD technique is used to decompose a signal into a sum of different oscillatory functions, called modes or
Intrinsic Mode Functions (IMFs), each one having a characteristic mean frequencies (or wavenumbers). The basic 
idea in this study is to analyze heterogeneities from well logs by investigating the relationship between the IMFs 
index and the mean wavenumber.
The rest of this paper is organized as follows. A brief mathematical description of the EMD algorithm is first 
given. Then, the analysis and discussion of the obtained results are presented in section 2. Finally, the main findings 
and the perspectives of our research are given in Section 3.
2. Theory
The EMD was first suggested by N. E. Huang et al. [8]. This technique consists of decomposing a nonlinear and 
nonstationary series into a limited and often small number of ’Intrinsic Mode Functions’ (IMF) without the need of a 
priori basis as Fourier and wavelet-based methods do [4,8,9].
Two conditions must be fulfilled by each resulting IMF:
1) the number of local extrema and the number of zero-crossings must be equal or differ at most by one.
2) at any time point, the mean value of two envelopes estimated by the local maxima and local minima is zero.
For a given signal X(z), the effective procedure of EMD procedure, called also “sifting” algorithm, can be 
summarized as:
1. Identify all extrema of X(z).
2. Generate its upper and lower envelopes, U(z) and L(z), by cubic spline interpolation.
3. Calculate the average: 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4. Extract the detail:      zmzXzh  1
5. Replace the signal X(z) by h1(z), and reiterate the above procedures (Steps 1–4) until an IMF is obtained 
(the 2 conditions are satisfied).
To stop the shifting algorithm, one of the these criteria is used: after extracting n IMFs, the residue rn(z) is either 
an IMF or a monotonic function. More details on stopping criteria can be found in many references [4,8,9,10,
11,13,14,15].
Once EMD is accomplished, the original signal can be reconstructed via the following equation:
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with n the total number of the IMF components.
Each IMF is characterized by its specific mean wavenumber (km) calculated as an energy weighted mean 
wavenumber in the Fourier power spectrum [8]:
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where Sm(k) is the Fourier spectrum of mth IMF mode (IMFm). 
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For a given IMFm, the mean wavenumber km is inversely proportional to the mode number m :
m
m ȡkk
 0 (2)
where k0 LVDFRQVWDQWDQGȡLVWKHVORSHRIWKHstraight line fitting the log(km) vs. m graph. 
This relation means that EMD acts as a dyadic filter bank in the wavenumber domain as shown by applications on 
stochastic simulations of  fractional Gaussian noise (fGn) [4,5], and white noise [16]. Besides, it is noted that the 
H[SHFWHGȡ YDOXH Ls very close to 2 for such stochastic processes. This value is linked with the number of scales 
QHHGHG WRGHFRPSRVH WKH VLJQDO XVLQJ(0'$KLJKȡYDOXH FRUUHVSRQGV WR D ORZQXPEHURI WKHVH FKDUDFWHULVWLF
VFDOHVDQGFRQYHUVHO\+HQFHȡYDOXHFDQEHXVHGDs a global measure of the complexity of the signal.
3. Application on KTB velocity logs
Here, the application of EMD algorithm is focused on velocity log data recorded at two scientific deep 
boreholes: the pilot borehole (VB, 4 km), and the ultra deep main hole (HB, 9.1 km), drilled for the German 
Contienental Deep Drilling Program (KTB). The drilling site is located in south-eastern Bavaria (Oberpfalz, 
Germany), and is mainly characterized by the following lithological units: paragneisses, metabasites and alternations 
of gneiss and amphibolite. The geological formations crossed by the boreholes in the studied depth intervals are: 
amphibolite units (AU1, AU2, AU3), gneiss units (GU1, GU2, GU3), and variegated units (VU1, VU2) (Fig. 1).
Fig. 1. A lithologic sketch modified from http://icdp.gfz-potsdam.de/html/ktb.
The logs considered in this study are: (i) the P-wave velocity (Vp) log and the S-wave velocity (Vs) log data 
recorded at VB borehole in the depth interval (28.194 – 3990.137 m), and (ii) Vp and Vs log data measured at HB 
borehole in the depth interval (290.017–4509.97m) (Fig. 2). All the available logs are recorded with the same 
sampling interval (0.1524 m).
In this section, the EMD algorithm is used to analyze heterogeneities shown by the lithological units crossed by 
the wells. Only the results obtained from Vp log recorded in VB borehole are presented. Figure 3 illustrates the 13
IMFs and residue resulting from EMD. Each IMF exhibits a characteristic spatial scale (a specific mean 
wavenumber) increasing with the mode number m.  The resulting IMFs are then local non-overlapping depth scale 
components.  
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Fig.2. Vp(z) and Vs(z) velocity logs recorded at the pilot (VB) and main (HB) boreholes .
Fig. 3. From top to bottom: Vp(z) log recorded at the pilot KTB borehole, 13 IMFs and residue resulting from EMD (given in m/s).
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Figure 4 reports: (i) the power spectral densities (PSDs) of all IMFs (from 1 to 13) plotted in a log-log plan (left 
side), and (ii) the mean wavenumber versus the mode number m plotted in a log-linear plan (right side). Both 
diagrams are established for the studied depth interval corresponding to the lithological unit AU1. It is worth noting 
that the right representation shows an exponential decrease of the mean wavenumber with the mode number m,
expressed by:  mm ȡkk
 0 with ȡ 1.946 ±0,011. This power law behavior corresponds to an almost dyadic filter 
bank in the wavenumber domain.
Fig. 4. On the left: Power spectral densities of all IMFs (from 1 to 13) obtained from VB-Vp log in Figure 1 using EMD method (each color 
corresponds to an IMF). On the right: representation of the mean wavenumber vs. mode number m in a log-linear plan. The studied interval 
corresponds to the lithological unit AU1.
The above analysis, carried out on Vp log corresponding to VB borehole for the lithological unit AU1, has been 
generalized to other lithological units traversed by the considered well. In the same way, other logs VB-Vs, HB-Vp, 
and HB-Vs have been analyzed, and the HVWLPDWHG ȡ YDOXHs corresponding to all the datasets are summarized in 
Table 1.
As detailed aboveȡYDOXHquantifies the multi-scale properties of the signal and complexity of the investigated
phenomenon. A lower value indicates that more scales are involved in EMD decomposition. Therefore, the analyzed 
signal exhibits a more complex behaviour. In this regard, ȡYDOXH is computed for all the lithological units crossed by 
the boreholes in order to explore heterogeneities occurred in the analyzed depth intervals. From Table 1, it is 
observed that for a given well, the studied lithological units DUHJHQHUDOO\FKDUDFWHUL]HGE\GLVWLQFWȡYDOXHV for the 
both velocity logs. In addition, for the same lithological interval, the available logs present different ȡ values. 
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Table 1 Results obtained from the application of EMD method to velocity logs recorded in VB and HB boreholes.
2QWKHRWKHUKDQGDQDYHUDJHȡYDOXHLVFalculated for each lithology crossed by the wells (Table2). All of these 
values are very close to 2 and the slight discrepancy may be due to intermittency. This result shows that the EMD 
behaves as an almost dyadic filter bank in the wavenumber domain, as previously obtained for stochastic 
simulations of fGn and white noise, as well as for turbulence time series.   
7DEOH$YHUDJHȡYDOXHVRIHDFKOLWKRORJ\FURVVHGE\WKHFRQVLGHUHGZHOOV
AU VU GU
VB-Vp 1.928 ±0.015 1.797 ±0.013 1.845 ±0.026
VB-Vs 1.945 ±0.017 1.844 ±0.018 1.926 ±0.019
HB-Vp 1.766 ±0.022 1.829 ±0.017 1.929 ±0.019
HB-Vs 1.931 ±0.027 1.908 ±0.016 1.995 ±0.027
As it can be noted, the lithology crossed by the studied boreholes is FKDUDFWHUL]HGE\YHU\FORVHDYHUDJHȡYDOXHV
thus a specific lithology cannot be described by a unique ȡYDOXH$Qextended analysis of a large well dataset is 
needed to draw DUHODWLRQEHWZHHQOLWKRORJ\DQGȡYDOXH
6. Conclusion
The paper presents an application of the EMD method on velocity logs recorded at the German KTB boreholes to 
explore heterogeneities the explored geological medium. It is shown that the EMD acts as an almost dyadic filter 
bank in wavenumber domain. In addition, it allows to measure subsurface heterogeneities; the ORZHUȡYDOXH, the 
more complex the lithological unit. A shortcoming of this technique is that it cannot characterize a given lithology
using a unique ȡYDOXH$QH[WHQGHGapplication to more datasets is necessary to establish a clear relation between 
this parameter, lithology and the measured physical property.  
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